The Albanian Ndihma Ekonomike is one of the first poverty reduction programs launched in transitional economies. Its record has been judged positively during the recession period of the 1990s and negatively during the more recent growth phase. This paper reconsiders the program using a regression-adjusted matching estimator first suggested by Heckman et al. (1997 Heckman et al. ( , 1998 and exploiting discontinuities in program design and targeting failures. We find the program to have a weak targeting capacity and a negative and significant impact on welfare. We also find that recent changes introduced to the program have not improved its performance. An analysis of the distributional impact of treatment based on stochastic dominance theory suggests that our results are robust.
Introduction
There is a long-standing debate on the relative merits of cash versus in-kind transfers as instruments of redistribution in the developing world. Classical theory on the welfare state suggests that if the objective of a public good program is reducing poverty, the immediate response is providing cash directly to the poor. Cash transfers would be "Pareto-dominant" to public services because individuals would be able to allocate resources more efficiently. On the other hand, in-kind transfers are preferable for their long-term investment properties and the reduced risk of leakage-use of payments in non-desirable commodities.
In the former command economies of Europe and Central Asia, anti-poverty programs launched during the 1990s in response to the transitional recession were very few and built on a complex system of categorical cash transfers heritage of the socialist past. These programs took the form of cash transfers and were initially devised for the poor.
The focus on the poor constituted a break from the past and emerged as a combination of several factors. First, the transitional recession had increased poverty to unprecedented levels and this required a government response. Second, transitional economies acted under a severe budget constraint and the choice of a restricted number of beneficiaries was essential. And third, these countries worked in the framework of international financial assistance and this assistance was largely earmarked to the poor. Targeting the poor with cash transfers was an almost obliged choice for transitional economies.
Were cash transfers for the poor successful in mitigating the negative consequences of transition on poverty? The answer to this question is mixed. Ravallion et al. (1995) found that the safety net in Hungary was able to protect effectively from poverty but did not play an important role in lifting people out of poverty. Okrasa (1999a Okrasa ( , 1999b found for Poland a general positive impact of social transfers on redistribution, a positive but moderate impact on reducing the poverty spell and a positive impact on exiting poverty. Milanovic (2000) found for Latvia a weak pro-poor role of social protection benefits. Lokshin and Ravallion (2000) analyzed the role of the social safety net in protecting the poor from the 1998 Russian financial crisis and concluded that the social safety net in place was largely insufficient to protect the poor. Van de Walle (2004) tested the public safety net in Vietnam and found a very marginal role of the social safety net in protecting people from poverty or promoting an exit from poverty. Verme (2008) All these studies emerged in the context of World Bank assistance to transitional economies and share the feature of evaluating bundles of transfers rather than individual programs. This is evidently a limitation given that only a few cash transfers were specifically designed for the poor. Several of the early evaluations also relied on scarce data resulting in incidence rather than impact evaluations with limited or no consideration of behavioral implications. Moreover, only a handful of countries had pro-poor programs in place at the beginning of the 1990s during the deep recession and only some of these countries maintained these programs during the more recent growth phase. As a consequence, evaluations of pro-poor programs during the recent growth phase are scarce and they do not benefit from benchmark evaluations carried out during the 1990s.
One program that received consistent attention during the recession and growth periods is the Ndihma Ekonomike (Economic Support) program in Albania. Case (2001) looked at political factors influencing the local budget allocations for the program during the 1990s and found these factors to be relevant. Alderman (2001 Alderman ( , 2002 ) used a 1996 survey to assess the targeting performance and found that a) targeting was rather good as compared to other poverty reduc- a discontinuity in program design occurred during the period to evaluate the impact of these changes on poverty. The treatment effect is estimated using a regression-adjusted matching method first proposed by Heckman et al. (1997 Heckman et al. ( , 1998 . Exploiting a few distinct features of our data, we are able to meet the basic conditions required by the method and estimate single means differences for both years and the difference-in-differences over the period.
In contrast to Alderman (2001) , we find the program to have a very poor targeting performance. However, we find great heterogeneity in targeting performance across local administrations supporting both Case (2001) and Alderman (2002) findings in this respect. We also find a negative and significant effect on The paper is organized as follows. Section two provides a description of the program. Section three illustrates the evaluation approach and section four presents the results. Section five concludes.
The Ndihme Ekonomike Program
Ndihme Ekonomike (NE) was introduced in 1993 in response to the economic crisis induced by the transition process and is the only program in Albania targeting specifically the poor.
1 Eligibility to the program is based on means testing and categorical criteria and the program provides cash transfers to selected households on a monthly basis.
When the program was launched it was very large and accounted for about 1.4% of GDP. The economic situation in Albania has improved since but the program continues to be important in size accounting for about 0. and non-treated. The main parameter of interest in program evaluations is the 2 Data can be freely downloaded from www.worldbank.org/lsms. The web site also contains information on the questionnaire, variables, sampling procedure and construction of aggregates.
3 Note that the community questionnaire is not administrated at municipality/communes level, but at a smaller territorial unit such as rural villages or urban blocks.
Average impact of Treatment on the Treated (ATT):
The central problem in program evaluations is that the potential outcomes of the treated Y 1 and Y 0 cannot be observed simultaneously. We have a missing data problem. We then need an evaluation strategy able to overcome the missing data problem given a set of available data. When the researcher disposes of a random experiment designed ex-ante, the treated group can be considered as a representative sample of the population and the estimation of the ATT boils down to the difference between the observed outcome of the treated and the observed outcome of the non-treated in the post-treatment phase.
In our case, we do not dispose of a random experiment and a simple comparison of the post-treatment outcomes of the treated and non treated groups would result in a bias estimate of the ATT. Program participation in NE is based on a number of observable and non observable criteria that self-select into the program only households with certain characteristics and this generates a selection bias. We also do not dispose of a baseline study. The data we have are subsequent to the introduction of the NE program in 1993. In substance, we are confronted with a retrospective evaluation and we need to seek a proper control group before estimating the treatment effect.
As noted by Heckman et al. (1997) , critical conditions of non-experimental data are that: (1) Participants and controls have the same distributions of unobserved attributes; (2) The two groups have the same distribution of observed attributes; (3) The same questionnaire is administered to both groups; and 4) Participants and controls are placed in a common economic environment.
Condition (1) is the main problem with non-experimental evaluations and will require some assumptions. Condition (2) can be met with a proper matching procedure while conditions (3) and (4) can be met with a proper choice of data.
In this paper, we use a methodology first proposed by Heckman et al. (1997 Heckman et al. ( , 1998 ) to address condition (2) and we exploit two features of our data to address conditions (3) and (4). Heckman et al. (1997) have also shown that if conditions (2), (3) and (4) are met, the remaining bias may not be a major problem. Below, we discuss more in detail these four conditions and how we address them.
Selection on unobservables. In non-experimental studies, condition (1) 
If this condition is met, the ATT can be estimated simply comparing participants with non participants. Furthermore, with P (X) = P r(D = 1|X) and 0 < P (X) < 1 for all X, the ATT is defined for all values of X and experimental and non-experimental evaluations can be said to identify the same parameters. These two assumptions are known as the "strong ignorability" assumptions following Rosembaum and Rubin (1983) . In fact, if ATT is the only parameter of interest, it is sufficient for Y 0 ⊥D|X to hold given that the ATT measures the impact on the treated only.
Rosembaum and Rubin (1983) also showed that the strong ignorability assumptions imply Y 0 ⊥D|(P (X) which suggests that matching can be performed on P (X) rather than on X. Based on these findings, Heckman et al. (1998) derived that for the estimation of the ATT is sufficient a weaker identifying
if we partition the X vector of variables into a vector of variables used in program selection Z and a vector of variables used for the outcome equation T and if we consider the econometric specifications of the outcome vari-5 The symbol '⊥' in this paper stands for 'independence'.
able (Y (.) = βX (.) + U (.) ), we can re-write the basic matching assumptions in terms of residuals as
as it is done with similar additively separable models in econometrics. These are weaker assumptions than the strong ignorability assumptions and they can be used to construct alternative matching estimators.
Selection on observables. The question of selection on observables is generally addressed with a process of matching where a comparison group for the treated is constructed from a group of non treated based on common observed characteristics. Following from the discussion above, in this paper we use the Regression-Adjusted Matching Estimator (RAME) formally justified in Heckman et al. (1998) and tested in Heckman et al. (1997) . RAME consists of estimating matched outcomes for the treatment group combining a local linear matching on the covariates of eligibility with a regressionadjustment on the covariates of outcome. More in detail, the procedure we follow implies the following steps: 1) Estimation of a probit participation equation using a set of selection variables Z; 2) Estimation of the predicted values of participation and creation of the corresponding variable ("pscore"); 3) Estimation of a standard OLS welfare regression using a set of non selection variables T ; 4) Estimation of the residuals of the welfare equation and creation of the corresponding variable ("res"); 5) Matching treated and non treated groups with a local linear matching estimator and using "res" as outcome variables and "pscore" as propensity scores; 6) Estimate of the single mean difference in outcomes between treated and matched group.
The matching procedure is based on a local linear regression which uses and weighs all the comparison group observations. This procedure has several advantages. It is possible to use more information and achieve a lower variance than methods based on selected observations since all the comparison group 11 observations on common support are included. A local polynomial regression instead of a standard kernel offers a greater robustness to different data design densities and has a faster rate of convergence near boundary points (Fan, 1992) . This is a clear advantage given that a large part of our data is concentrated at boundaries. Moreover, according to Caliendo (2008) local linear regression is expected to perform better than kernel estimation when the nonparticipants observations on P (Z i ) fall on one side of the participant observations, which is the case of the propensity score distribution estimated by our participation equation. Finally, nonparametric methods characterize better than traditional matching methods the form of evaluation bias, since they estimate more precisely the function of the dependent variable.
The local linear matching estimator is defined as:
where I 1 is the set of participants, I 0 the set of non-participants, S p is the region of common support and n 1 is the number of individuals in the set I 1 ∩ S p . The match of each participant is constructed as a weighted average over the outcomes of non-participants where W (i, j) is computed by a local linear weighting function on the distance between P i and P j (see also Todd, 2008) :
A fixed bandwith of 0.06 and a biweight kernel (G(.)) are used for the estimator.
We impose a common support condition because S p needs to be determined to compute . Moreover, to ensure that the propensity score density under the common support is strictly positive, we apply a trimming procedure excluding any P point for which the estimated density is zero and the two percent of the remaining P points for which the estimated density is positive but relatively small.
Based on the AT T estimations for 2002 and 2005, we can then estimate the difference-in-differences (DID) across the two years to capture the impact of changes in program design. Heckman et al. (1997 and 1998) have shown that with panel or repeated cross-section data it is possible to adopt weaker conditional independence assumptions using a difference-in-differences estimator of
, where t and t represent time after and before treatment respectively. In fact, it is sufficient for
Under additive separability and index sufficiency, this condition becomes
. In substance, the DID estimator does not require E(U 0 |X, D = 0) and allows for unobservable but time-invariant differences in outcomes between matched NE beneficiaries and non-beneficiaries. The DID is estimated as: Common questionnaire. We will estimate counterfactual outcomes from the comparison group of non treated individuals found within the same survey used 13 to observe the treated group. This ensures that the questionnaire administered to both groups is the same, which satisfies condition (3). Note also that the questionnaire is the same for the two years considered.
The problem of this choice is that finding good matches of the treated in the pool of non-treated may be difficult due to self-selection. However, a combination of factors specific to our data ensures that this is not the case. Among the pool of non treated individuals it is common to find eligible households who did not apply to the program and eligible households who applied to the program but were rejected. According to Kolpeja (2006) : "The number of applicants for NE is much higher than those who receive the benefit. Some estimations indicate that about 30-35 percent of applications are rejected. The reasons for the refusal of NE benefit are: a) incompatibility with (eligibility) criteria (about 5 percent), insufficient funds (15-20 percent), and c) provision of false information (10 percent)." We also find in the pool of treated non eligible households who were selected. In substance, program leakage and under-coverage (documented further in the paper) ensure that among the treated and non treated groups we can find comparable households. Indeed, we will see that our matching procedure will achieve full common support. and durables and is computed in the same way for the two years considered.
The treatment group D = 1 is identified with a treatment indicator variable for households receiving benefits (the survey reports the last NE payment received and the referring period). The comparison group includes all non treated households on common support weighted with the matching procedure already described.
To reproduce the assignment process and define the Z vector of variables, we constructed dummies for eligibility based on the 2002 and 2005 means-test formulae and dummies for the exclusion criteria already described. We were able to reconstruct from data four of the six exclusion criteria and two of these have been retained in the final specification of the selection equations. The first variable is employment of any household member 6 in the formal sector where the formal sector is identified with the variable that captures individuals who contribute to social security. This proxies the employment exclusions criteria and makes sure that we capture only those households whose employment status is likely to be observed by the program administrators. The second variable captures households with at least one member unemployed and not seeking work.
To take into account the freedom of choice attributed to local administrators in selecting participants, we constructed a targeting coefficient for each of the 36
Albanian districts following a methodology proposed by Galasso and Ravallion 6 With the exception of self-employed in rural areas.
(2005). The targeting coefficient measures the difference between the proportions of the poor and non-poor households receiving the transfer and varies between '1' (perfect targeting) and '-1' (perfect leakage). We split this variable into three quantiles and used dummies for two of these quantiles as regressors in the selection equation.
We also add in the participation equation a dummy variable for urban and rural areas. This has two major advantages. First, we expect urban and rural residents to have different information and opportunities about the NE program.
And we also know from the categorical exclusion criteria that rural residents are not covered by some of these criteria. These two factors imply that urban and rural residency can be considered as an important determinant of participation.
We preferred this option to splitting the sample into urban and rural areas to rely on as many observations as possible in the matching procedure and reduce the problem of dimensionality.
In substance, we are able to capture all four major factors that determine program participation as described in section 2. The capacity to predict participation of the probit models is estimated with the hit or miss method. The method classifies observations as '1' if the estimated propensity score is larger than the sample proportion of the treated and '0' otherwise.
The T vector of variables selected for the outcome equation includes characteristics of the head of the household (age, health and education), household characteristics (dummies for number of children according to age) and community variables (presence of educational, health and financial institutions). Note that employment status variables are included into the participation equation and are excluded from the outcome equation.
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If we limit our analysis to the comparison of welfare with and without treatment, we find that the incidence of Ndihma Ekonomike on poverty is relevant. Table 1 shows that the poverty headcount index and the poverty gap index in 2002 would have been 1% and 0.6% higher respectively in the absence of the program. Such incidence increases in 2005 for the poverty headcount ratio to about 1.2% and decreases for the poverty gap ratio to about 0.4%. In the absence of behavioral considerations, the Ndihma Ekonomike program would appear to have a positive effect on poverty (Table 1) .
[ Table 1 ]
The overall targeting capacity of the poor is weak ( Table 2) (2001) is a different survey from those we use but both sets of surveys are nationally representative and we have reconstructed the same consumption indicator used by Alderman. 8 Consumption for all years is net of NE benefits.
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2005 but this has been accompanied by an increase in leakage and a decrease in adequacy (Table 2) . [ Figure 1 and Table 2 The probit selection equation (Table 3) shows that means-tests and some selected categorical criteria contribute significantly to selection into the program.
As expected, the coefficient for the dummy variable constructed for those households with an income below the income threshold determined by law is positive and significant for both years.
The employment exclusion restriction is negative and significant as we should expect. Households with at least one household member employed or selfemployed are less likely to participate to the program. The dummy for households with members unemployed and not job seeking is instead non significant in 20 both years. This is perhaps due to the fact that it may be difficult for program administrators to observe this household attribute with accuracy. This variable was nevertheless maintained in the final specification because contributes to keep matching results much more stable.
The variables capturing the district ability to target households are both significant and with the expected sign. Households living in districts with a bad The participation prediction capacity of the probit models based on the hit or miss method are around 76% for both years, which are rather good scores considering that not all eligibility criteria could be used.
[ Table 3 ]
The OLS model (Table 4) [ Table 4 ]
In Table 5 we report the estimations of single and double differences. Program treatment seems to have a negative effect on welfare. [ Table 5 ]
In Tables 6 and 7 we test the capacity of the matching procedure described to reduce the bias between treated and control groups based on the observed participation variables Z used in the probit selection equation. For both years, we obtain full common support with no observations falling out and the matching 10 Single means difference and respective standard errors are estimated with the Stata module psmatch2 (Leuven and Sianesi, 2003) . Bootstrapped standard errors were also estimated but the difference with the standard errors reported in the table is negligible.
11 We use the OECD original scale attributing a weight of one to the first adult in the household, 0.7 to other adults and 0.5 to children.
procedure almost eliminates the bias on observables. In 2002, the percentage in bias reduction is in between 75.7% and 99.5% depending on the variable considered. In 2005, these values vary in between 75% and 99.7%. For none of the two years the means tests between treated and controls are significant.
In substance, we have been able to reduce very significantly the bias arising from non-overlapping support and the bias arising from differences in observables. Given the use of a common questionnaire for treated and untreated groups and considering the use of local fixed effects, the remaining bias arising from differences in unobservables should be small (as the experiment in Heckman et al.,1997, would suggest) .
[ Tables 5 and 6] As a final test, we exploit stochastic dominance theory to assess the distributional impact of treatment. Stochastic dominance of first degree can be assessed by comparing the cumulative distribution functions (CDFs) of the outcome variable for the treated and control groups.
12 . This is equivalent to test our results for all reasonable poverty lines. In Figure 2 , we compare the CDFs for both years using consumption per capita and consumption per adult equivalent as we did in Table 5 . As it can be seen, the CDFs for the control groups always dominate the CDFs for the treated groups in all four quadrants. It is also evident that, for both outcome variables used, dominance of the control group increases over the period. Overall, irrespective of the poverty line and of equivalence scales, treatment has always a negative and significant effect on consumption and this negative effect increases over the period.
[ Figure 2] 12 See Foster and Shorrocks (1988) and Abadie (2002) .
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Conclusion
The paper evaluated the poverty reduction capacity of the Ndihma Ekonomike program in Albania. The program is one of the earliest poverty reduction program implemented in transitional economies and had a positive record in terms of targeting during the 1990s (Adelrman, 2001 and . More recently, the program was found to have a negative effect on poverty and life satisfaction (Dabalen et. al., 2008) .
We find the targeting performance of the program to be weak and to have Robust standard error in parentheses. (*) Significant at 10%; (**) Significant at 5%; (***) Significant at 1%. 
